INTRODUCTION
Visual inspection and logging of drill core or rock samples by geologists is still the most common practice for lithological classification and identification within the minerals exploration industry. Collecting additional "unbiased" data like geophysical well logs is often neglected due to their additional costs and a general unawareness of their potential benefits. Analysing only one stream of data (geochemical or petrophysical) can also be insufficient due to overlapping ranges of chemical or physical properties of the different rock types. Interpreting a combination of different datasets might therefore yield the most desirable outcome of the data analysing and rock classification process.
The Deep Exploration Technologies CRC is developing the means to collect such varied data while drilling, but how it might be used is also unknown.
In this study, we attempt to automatically classify lithological units using the fuzzy c-means algorithm (FCM) (Bezdek, Ehrlich, and Full 1984) . The work of Paasche et al. (2006) illustrates that the fuzzy cluster method is a good tool to combine multiple physical properties and estimate petrophysical parameters. We are independently using this algorithm to assist with petrophysically constrained inversion of geophysical data. However, if this inversion method is to succeed we need to test the hypothesis that the clusters are geologically meaningful. Hence, we decided to test fuzzy clustering on what we feel to be a challenging dataset from the Hillside copper deposit (Rex Minerals Ltd).
METHODOLOGY

Fuzzy c-means clustering algorithm
FCM (Bezdek, Ehrlich, and Full 1984 ) is a clustering method that classifies a dataset into subsets based on similarities by minimizing the following objective function:
where N is the number of data z j (j=1, N) , C is number of clusters, q is the fuzziness parameter, q1, in this study q is set to equal 2, a value widely used (Sun and Li 2012), v k is the centre value of the kth cluster, u jk is the membership degree, with the constraint
and D(z j , v k ) is the distance of the jth data to the kth cluster, in Euclidian Norm
The FCM objective function corresponds to a weighted sum of errors (or distance) when replacing a data set, z, by the centre values, v. The centre values (prototypes) and cluster parameters may also be used for petrophysical data analysis. For instance, each cluster might represent each rock unit or prototypes can assist to define lithofacies.
Cluster validity
The FCM algorithm requires the user to input the number of clusters (C) to use prior to analysis. Prior knowledge about the deposits (regions) geology and down-hole logs can help to
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choose the optimum number or a cluster-validity criteria can be used (Paasche, Tronicke, and Dietrich 2010) . In this study we use the XB index (Xie and Beni 1991) . This index is a ratio of compactness over separation (Equation 4), hence smaller values of this index illustrate better clustering of the data.
RESULTS
The analysed datasets are comprised of geochemical data in form of elemental analysis of various elements (Al; Na; K; Ca; Mg; Fe; Ti; Sc; V; Cr; Mn; Co; Ni; Zn; La and Ce) and petrophysical measurements (density (SG), magnetic susceptibility (MS), compressional-wave velocity (Vp) and shear-wave velocity (Vs)) from a total of 146 core samples from the main lithologies present at the Hillside prospect. The petrophysical data is not derived from wireline logging, but from measurements of "representative" portions of the drill core. Thus, the quantity and comprehensiveness of the elemental analysis (geochemical data) is much greater than the petrophysics and we expect that this data will be much superior on its own than the petrophysical data.
The first step in our process is selecting optimal parameters. Using all available data for cluster analysis does not necessarily provide the best result, and much of the data will be redundant. We therefore chose the best combinations to test based on a correlation coefficient matrix (Figure 1 ). First, we define the key elements, geochemistry (Ti and Mg) and petrophysics (density) because the proportion of Ti is sensitive to rock classification and these elements correlate with many other elements, which assists in reducing the dimension of the dataset. Second, the elements with high correlation values are omitted to reduce further the dimension. Eventually, to avoid irrelevant data that might negatively influence the results, data with low correlation coefficient values are excluded. The best combinations of the dataset are displayed in table 1.
Variations of the the number of elements and petrophysical values to be tested were chosen from the "correlation cull" and then tested for matching with the training data. Each subset of elements and physical properties (Table 1) was independently tested with the XB index to check the number of clusters that best describe the data. In most cases the XB index search gave a result of four clusters to span the data. This result agrees with the four major rock types present at the Hillside prospect, including gabbro, granite, metasediments, and mineralized rock units. The outcome of the cluster analysis for all fifteen combinations is shown in table 1 and figure 2. The clustering result on a geological section is shown in figure 4 . It should be noted that due to the highly altered and intruded mineralisation some samples are "mixed" with respect to mineralogy; thus, achieving a 70% match rate with the Hillside rocks can be considered good.
The best combination is C8 (Ti, K, Ni, Mg, SG, MS), the worst is the one including only petrophysical data. However, the most practical to implement for LWD would be the C12 combination as it is almost as good and has the less to measure. Only two elements need to be tested and the others can be done with current wireline logging sensors. 
CONCLUSIONS
Our study shows that fuzzy c-mean clustering can be a good tool to automatically classify lithologies with little prior knowledge about the local geology. The performance demonstrates that if we can add petrophysics to an optimal elemental analysis suite then automated lithological tools may work. Also, if we can incorporate such measurement into the drilling process then we can automate and inject some rigor into geological mapping for exploration.
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